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NOMENCLATURE

S
UPERCAPACITORS, also known as electric double-layer capacitors, ultracapacitors, or electrochemical doublelayer capacitors, cannot compete with batteries in terms of energy density; however, their much longer cycling life, power density, and operating temperature range make them an energy storage option to be seriously considered in many applications, whether mobile [1] or stationary [2] , [3] .
To ensure enduring performance over its lifetime, supercapacitor reliability must be quantified by means of accelerated aging tests and/or application of an aging model. Many laboratories and manufacturers have conducted calendar and cycling aging tests [4] - [11] .
This paper uses these tests in order to build an advanced aging model for supercapacitors. This model must take into account power cycling effects and not only calendar effects, such as in [5] - [8] . Indeed, these effects can be important in high-cycling applications, as will be seen in our application.
The model proposed here is similar to the model presented in [10] , but improvements have been made: first, cycling experiments from another laboratory are used to improve the fitting of the model with different cell sizes [6] ; next, a state variable is used to quantify the state of aging, similar to the state of health used in battery models [12] ; finally, the electrical parameters depend on this aging variable in order to take into account the degradation of the electrical performances.
These improvements allow the use of this model in an agingaware sizing process, such as in [13] , and, to the best of our knowledge, the proposed model is the only model that can be used in a sizing process and take into account the power cycling.
To show an example of such a process, this model is then implemented to minimize the life-cycle cost of an energy storage system (ESS) for a direct wave energy converter (DWEC) and compared to the application of conventional aging models, which does not take into account power cycling aging.
Power fluctuation minimization is one of the keys for developing direct electricity production from fluctuating renewable energies, particularly in the case of direct wave energy conversion, where the output power is strongly pulsating. The problem herein is to satisfy a power quality constraint, e.g., the flicker [14] , to ensure grid integration due to supercapacitor ESSs.
In our case, the studied DWEC is the SEAREV [15] , [16] (see Fig. 1 ); it consists of a completely enclosed floating buoy with an embedded pendular wheel. Excitation forces from the swell on the buoy generate relative motion between the float and the wheel; this oscillating motion is then damped in order to produce energy. Damping is ensured by a three-phase permanent-magnet synchronous generator (PMSG) connected to a back-to-back converter. The PMSG is a surface permanentmagnet low-speed high-torque machine with 124 pole pairs; its design has been optimized to minimize the per-kilowatthour production cost [16] . The back-to-back converter is composed of the following: a pulsewidth-modulation (PWM) inverter connected to the PMSG, for controlling damping; a PWMinverter connected to the grid, for regulating the dc bus voltage and supplying the grid with power; and a chopper connected to the supercapacitors, for smoothing electrical power output (see Fig. 1 ).
II. ENHANCED AGING MODEL
A. Electrical Model
The electrical model chosen to represent a supercapacitor is the series connection of a capacitance C and resistance ESR (equivalent series resistance). The temperature dependence of these parameters has not been considered herein. More complex models exist; however, this simplified one is sufficient to compute losses with the level of precision required for a sizing process. Moreover, these electrical parameters are given in the manufacturer's data sheet
B. Classical Eyring's Law
The classical aging model for supercapacitors is Eyring's law, which yields the lifetime [17] . For our purposes, the lifetime is considered when the capacity C is reduced by 20% or the resistance ESR is doubled. Calendar tests are performed to determine the parameters of this equation. Voltage and temperature remain constant over time in these tests, i.e.,
where T life is the lifetime in hours, θ c is the case temperature, and V is the voltage across the component. • C) with a voltage of V ref (here, the rated voltage, 2.7 V). We deduce from (1) a dynamical aging model that leads to the same result. The hypothesis introduced at this time is that degradation rate is solely dependent on V and θ c . With (1), we have defined a variable state of aging SoA to represent the aging over time. The value is 0 initially and reaches 1 at the end of the lifetime, i.e., dSoA dt
In this paper, we will consider the Maxwell technology. Several laboratories have conducted calendar tests and deduced the corresponding parameters [4] - [9] . Some results are shown in Table I .
C. Accounting for High-Temperature Low-Voltage Aging
We notice that there is a huge difference between models extrapolations and the data-sheet value in the last column in Table I , which represent a low-voltage high-temperature case. The model presented in (2) cannot explain aging when the supercapacitor is fully discharged and the storage temperature is high. Thus, we modify the equation in order to model this phenomenon, i.e., dSoA dt where K is a dimensionless constant that replaces the voltage term whenever voltage is low. This adjustment is arbitrary and must be considered with caution: other low-voltage experiments are necessary to confirm or rebut this model. We can notice that this adjustment has few impact on high-cycling applications because the voltage is rarely very low in these cases, but this could have important effects for other applications. A total of 23 calendar experiments from [4] - [10] have been examined for the purpose of optimizing the four parameters (T ref life , θ 0 , V 0 , and K). Regression is applied on log(T life ). Results are shown in Table II . The comparison between model and experimental outputs is presented in Fig. 2 . The coefficient of determination (R 2 ) is equal to 96% (on a logarithmic scale), which means that 96% of the variations in lifetime for these 23 tests can be explained by our model.
D. Degradation of Electrical Parameters as a Function of Aging
The two electrical parameters C and ESR change with age. Two distinct phases are observed: an initial burning phase and [6] , [9] , [10] , [19] . a linear phase [18] . We propose herein to model just the linear phase with the capacitance and conductance (i.e., the inverse of ESR) parameters, which linearly decrease with the state-ofaging variable SoA (in proportion with time at constant voltage and temperature). Similar hypotheses have been previously adopted in [7] and [16] , i.e.,
where C 0 and ESR 0 are, respectively, the initial values of C and ESR. Four experiments were used to derive this law. The level of agreement between experiments and the model is shown in Fig. 3 . The quick burning phase at the time of start-up is not taken into account; hence, the capacity changes instantaneously from 100% to 95% at SoA = 0. The ratio between the speeds with which relative resistance and relative capacitance decrease is equal to 2 for our model. This ratio lies between 1.5 and 2 in [7] and is equal to 2.5 in [16] .
E. Thermal Model
The self-heating effect is very important because the degradation rate accelerates exponentially with respect to temperature. The thermal time constant of the cell (around 1900 s for the BCAP3000 cell) is considered herein to be high enough relative to the time cycle (typically a few tens of seconds) to neglect case temperature variations. In order to determine the case temperature of the elements, we thus introduce a simple static thermal model, i.e.,
where θ a is the ambient temperature, R thca is the thermal resistance of the element, and I is the current flowing through the component. The operator < . > represents the average of a quantity over a cycle duration. Thus, during a cycle, the case temperature θ c is considered as a constant.
F. Calendar Aging Model Applied to Cycling Tests
Given the small number of fully documented cycling aging tests in the literature and aging mechanisms that differ some- what from one manufacturer to the other, the experiments used to build this model have been conducted with similar supercapacitor cells (2600 and 3000 F from Maxwell Technologies). The eight experiments referred to in this paper have all been conducted in two French laboratories: Ampère Laboratory [9] , [10] and IMS Laboratory [6] , [19] .
With the above calendar model [see (3)- (6)], aging during the cycling test can be simulated and compared with the experiments results.
We can see in (6) that the rate of aging depends not only on the case temperature, considered here as a constant during a cycling test, but also on the voltage. Thus, the rate of aging is computed with the same step-size than the voltage, i.e., 0.1 s.
During cycling tests, the waveforms of current I(t) and voltage V (t) depend on aging due to their dependence on electrical parameters C and ESR. Consequently, the root-mean-square (RMS) current, losses, and self-heating all depend on the state of aging.
To predict a lifetime, it is necessary to compute cycling with different states of aging. The method used in this paper is a simple adaptive step-size resolution with an aging resolution of ΔSoA = 1%; it is illustrated in Fig. 4 . The mean rate of aging is computed using a time window corresponding to the cycle duration.
G. Aging Dependence in an RMS Current
Let us begin by comparing these simulations with the results obtained from the eight experiments. It should be noted that the recovery during stoppage has not been considered, as recommended by the manufacturer [20] . acc is dependent on this value. The RMS current dependence has already been investigated in [10] .
An enhanced model is thus being proposed here, as inspired by [10] , i.e.,
whereĨ RMS is an evaluation of the RMS current flowing through the component. The computation ofĨ RMS involves a three-step procedure.
1) Compute the square current (9).
2) Then, filter it with a first-order low-pass filter and time constant τ filter (10). 3) Finally, take the root square of the result (11) .
The aforementioned equations are given as follows: where X(s) and Y (s) are, respectively, the Laplace transform of x(t) and y(t), which are two intermediate variables expressed in the unit of A 2 . The two additional parameters k RMS and τ filter are optimized to fit the experimental data. All these model parameters are listed in Table III . The comparison between the data recorded and the model output is shown in Fig. 6 .
The coefficient of determination (71%) is less than that for the calendar model, which gives rise to several explanations:
• model imperfection (including the choice ofĨ RMS as an explanatory parameter); • precise knowledge of experimental parameters: ambient temperature, cycle definition, and evolution in electrical parameters during testing; • component variability.
III. SIZING OF AN ESS
Now, we have a model to compute the rate of aging and the degradation of electrical parameters, we can use this model to optimize the size of an ESS in order to minimize the life-cycle cost of this system. In the chosen application, an energy storage is added to a DWEC in order to respect the flicker, which is a voltage-quality constraint in the grid.
The different steps of the life-cycle cost analysis are represented in Fig. 7 . First, we must have a hydromechanical model to compute the power production profile. Then, the energy management must be optimized in order to respect the flicker constraint. After that, thermal and electrical simulations are used to compute voltage, temperature, and current profiles. Finally, the aging model with the degradation of the electrical parameters presented in Section II is used to quantify the cost.
We present now each part of this analysis.
A. Hydromechanical Simulation and Hypotheses
The hydromechanical part of the model (developed in [15] and [21] ) is used to compute both speed and torque at the PMSG shaft based on the sea state and a damping law.
A sea state is described by its significant wave height H s and peak wave period T p ; this state provides important information on the power source, such as wind speed for wind turbines. To simplify the presentation of the results, let us consider herein a unique sea state, adopted as the design sea state: H s = 2.5 m and T p = 8 s. The power profile used for our analysis is shown in Fig. 8 . It is 30 min long to be representative of the sea state.
A more complete study takes into account all the encountered sea states and their probability of appearance, such as in [22] . Each sea state requires a hydromechanical simulation, an optimized energy management, and a thermal and electrical simulation, but the methodology stays the same.
The energy produced with this sea state (average power: 190 kW) over 13 years corresponds to the energy produced by the system over 20 years at the Yeu Island site (France).
B. Energetic Model of the ESS
The ESS, as described in Fig. 1 , will be composed of N Cells Maxwell BCAP3000 reference cells (C 0 = 3000 F, V Rated = 2.7 V, ESR 0 = 0.29 mΩ, and R thca = 3.2 K · W −1 ). The series and parallel connections of these elements allow adjusting the rated voltage and total size of the ESS. All cells are assumed to be identical and to endure the same conditions. We can notice that balancing circuits are typically used to compensate voltage deviation between the cells [17] and thus help to make this assumption.
This model is then the same whether for the entire system or an individual element, i.e., a capacity C ESS in series with an equivalent series resistance ESR ESS . The voltage at the capacity terminal is denoted V ESS (capacitive voltage), whereas the current flowing through the system is denoted I ESS .
The rated system energy E Rated is directly proportional to the number of cells and the rated energy of the reference cell, i.e.,
The energy stored in the ESS E Sto is also easy to compute for each time step, i.e.,
The system losses P Loss depend not only on the system state variable (E Sto ) and parameters (C ESS and ESR ESS ) but also on the power stored in the ESS P Sto , i.e.,
C. Objective and Energy Management of the ESS
The ESS is necessary to satisfy the flicker constraint. The maximum long-term flicker severity P lt for a wave farm is 0.25, according to French rules for an HTA grid (distribution grid between 1 and 50 kV, typically 20 kV). The principle is illustrated in Fig. 9 . We are assuming herein that the flicker severity for a wave energy converter farm can be computed under the same hypothesis as for the wind turbine farm in [23] . The total longterm flicker severity P lt for a farm with N i converters and the same individual long-term severity P lti are assumed to be equal:
Let us now assume a situation with ten productive units; then, the limit for each unit would be 0.25/ √ 10 = 0.079. This constraint will be used to size the individual ESS, which is controlled individually.
Let us also assume that the grid has a short-circuit apparent power of 50 MVA and a grid impedance angle of 60
• , both of which are typical values for a weak medium-voltage grid. In order to limit the grid current, the grid reactive power production is set to Q Grid = 0.
The energy policy requires information on the energy in the ESS; it is considered that this energy can be deduced from the value of capacitive voltage V ESS , with no information on the SoA or the value of C ESS , i.e.,
whereẼ Sto is the estimated energy in the storage system when considering the capacitive voltage. It is important to note that this value is always underestimated whenever SoA < 1. The production power P Prod is filtered using the ESS via a very simple control strategy: grid power P Grid has a linear relationship with the estimated energy contained in the ESS, i.e.,
whereẼ Min is the minimum estimated energy in the ESS, E Min is the minimum energy in the ESS, and τ Sto is a time constant used to define the energy policy. Storage power P Sto can therefore be expressed as
This control strategy ensures energy limitations whenever power production P Prod is bounded, and such is the case here with 0 ≤ P Prod ≤ P Max = 1.1 MW. These limitations are as follows:
where E Min and E Max are the boundaries for energy (proportional to C ESS , hence dependent on SoA), and V ESSMin and V ESSMax are the boundaries for capacity voltage (independent of C ESS and therefore of SoA). To limit aging, the maximum voltage allowed is limited:
The Laplace transformation of (22) yields a relationship between power production and grid power as follows:
where P Grid (s) and P Prod (s) are, respectively, the Laplace transform of P Grid (t) and P Prod (t), and τ Sto = (C ESS )/ (0.8C ESS0 )τ Sto is the time constant of the equivalent filter. Production is then smoothed by a first-order low-pass filter.
As could have been predicted, the filter functions better with a new ESS(filter constant time = τ Sto /0.8) rather than with an older ESS (at the end of ESS life, filter constant time = τ Sto ). The variable τ Sto is chosen to satisfy the constraint limit in the worst case.
D. Electrical and Thermal Models
Current, voltage, and case temperature must be computed for an individual cell due to the global variable E Sto , P Sto and P Loss . The static thermal hypothesis has the same justification as in Section II-E, i.e.,
Here, the expected ambient temperature is 20
• C. Fig. 10 shows, for the same production, the effect of aging on both grid power and voltage. Let us remark that the difference between grid power in both cases is small. Each time simulation lasts 30 min and is repeated 100 times in order to compute the lifetime, as explained in Fig. 4 and shown in Fig. 11 . We can notice in this example that the cells' voltage is always relatively high (over 2 V). Thus, the adjustment of the model for lowvoltage aging (developed in Section II-C) has very few effects on this application.
The risk of thermal runaway is present at the end of the lifetime due to the fact that self-heating is proportional to ESR, and therefore, its increase tends to accelerate. Fig. 11 shows aging SoA, the evolution in losses, degradation rate, and replacements versus time. Let us point out that the acceleration in aging near the end of the lifetime is not very significant. A good approximation for computing losses and degradation rate seems to calculate these values at system midlife (SoA = 0.5).
E. Life-Cycle Model
The goal of this model is to determine the sizing that minimizes the total lifetime cost; this cost takes into account the price of losses using a feed-in tariff set at 0.15 e/kWh, with the initial investment costing 20 ke/kWh (corresponding to approximately 20 e/kF according to this technology) and a proportional replacement cost that considers the price of the new storage system, i.e., where N replace is the number of replacements and has been assumed here as a continuous variable to improve the precision of results. In reality, this number is obviously an integer. This model does not take into account either the intervention cost or production losses during failure, both of which can be considerable in an offshore system. For each energy rating, the evolution in losses and degradation is computed as described in the previous sections and illustrated by Fig. 7 , thus yielding a computation of the life-cycle cost. Results are shown in Fig. 12 . The red zone corresponds to insufficient energy with respect to the flicker constraint, whereas the dark green zone indicates the initial investment, the light green zone indicates the replacement cost, and the yellow zone indicates the ESS losses. The first figure corresponds to no use of an aging model, whereas the second figure displays a conventional aging model (without current) as well as the enhanced model proposed herein. Let us focus on two specific energy rating values: the economic optimum with the conventional model (marked with a circle) and then with the enhanced model (marked with a cross).
The minimum sizing to satisfy the flicker constraint depends on the sea state; however, in all the proposed sizing configurations, the energy amount is quite sufficient.
Let us note the importance of the aging model in the sizing process: without the enhanced model, the choice involves, above all else, a tradeoff between losses and investment; on the other hand, with the enhanced model, the choice becomes a tradeoff between investment and replacement. Furthermore, the optimum with the enhanced model corresponds to a sizing whose lifetime is equal to the useful life (13 years here): N replace is cancelled out exactly with the optimum.
The final life-cycle cost of around 90 ke seems to be admissible, representing an impact on energy costs of 4 e/MWh.
The robustness of the third optimum with the model is much higher than for the other two. However, many uncertainties still remain: the aging model (naturally) with its set of input parameters, e.g., ambient temperature, in addition to the behavior of balancing circuits [24] , component variability, maximum voltage, or even thermal exchanges into the ESS [25] . Clearly, the larger the ESS, the more robust the life-cycle cost. A decision must be made (in terms of sizing selection): decision theory provides the typical tool to help quantify the robustness of a decision and the acceptable level of risk [26] .
To further decrease this cost, several solutions can be studied: switching technologies, a greater use of supercapacitors (even if the capacity drop exceeds 20%), or improved energy management [27] .
IV. CONCLUSION
The enhanced aging model presented in this paper has been built on the basis of several experiments conducted by the manufacturer or other laboratories. This model is able to explain cycling test results by taking into account the dependence of current on aging rate, in addition to the classical self-heating behavior.
This model was then applied to size an ESS for a DWEC. To satisfy the flicker constraint, it proved essential to smooth the power production, which led to the possibility of grid compliance. A simple energy management law was adopted in order to filter the power while ensuring a limited voltage range. In this case, the number of cycles turned out to be very high. This study has been compared with other hypotheses regarding aging. Results have demonstrated the advantages of an enhanced model for such a study, particularly in the case of high power fluctuations and reliability requirements, which would be typical for DWEC. The purpose of sizing was to minimize life-cycle costs. A proposed formulation of this cost takes into account investment, replacement, and losses.
This aging-aware life-cycle analysis with our enhanced model has proven its importance in this case, but can also be used in other applications, such as smart grids, electric, or hybrid vehicles.
This study is only part of the design of a complete electric conversion chain that takes lifetime into account [21] , [22] . In the case of DWEC, other more efficient control strategies are available [28] , although these would also be more stringent in terms of power fluctuation and, hence, in terms of flicker and fatigue cycling in supercapacitors. The influence of such control strategies for recovery modes should be considered in future research on this topic.
